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Abstract 


The Global Hunger Index, as reported by the United Nations, paints a stark picture of India's hunger 
situation, with India ranking 101st out of 116 nations. Starvation deaths and mass migration have 
become common in the country, with the government projecting that 69% of children under the age of 
five will die from malnutrition and hunger by the end of 2023. To address this issue, reducing food 
wastage has been identified as a potential solution. This paper presents a system consisting of two 
modules: a fruit shelf-life predictor, and a mobile/web application that connects donors and NGOs. The 
fruit shelf-life predictor utilizes deep learning algorithms in a convolutional neural network (CNN) 
architecture to analyse and classify fruit images, providing an estimate of the remaining shelf life of the 
fruit in terms of safety, nutrition, and taste. The mobile/web application serves as a platform for users 
to input fruit images, receive shelf-life predictions, and connect with NGOs for donating surplus fruits 
to reduce wastage. The CNN architecture used in the fruit shelf-life predictor can identify and organize 
various features in fruit images, like the human neural system. This system aims to leverage technology 
to reduce food wastage and combat hunger in India by providing an efficient and user-friendly platform 
for donors and NGOs to connect and share surplus fruits. 


Introduction 


The Global Hunger Index (GHI) is an annual report published by Concern Worldwide and 
Welthungerhilfe that measures and tracks hunger worldwide. It provides a comprehensive assessment 
of hunger and malnutrition levels in developing countries, with the aim of raising awareness of global 
hunger, identifying areas where progress has been made, and highlighting challenges that remain. 
Undernourishment is the first indicator used in the GHI, and it measures the proportion of the population 
whose dietary energy consumption is below the minimum level needed for adequate health and 
development. The second indicator, child wasting, measures the weight-for-height of children under 
five years of age, and it is an indicator of acute undernutrition. The third indicator, child mortality, 
measures the death rate of children under the age of five, which is an indicator of the overall health and 
well-being of children. The Global Hunger Index is a valuable tool for monitoring and addressing global 
hunger and malnutrition. It provides a comprehensive assessment of the state of hunger in developing 
countries, and it is widely used by policymakers, researchers, and humanitarian organizations to inform 
policy and programmatic interventions. However, the persistence of hunger and malnutrition around 
the world underscores the urgent need for sustained action and investment in the fight against hunger 
and poverty. 


The donation process begins with the user capturing an image of the fruits they wish to donate. The 
image is then uploaded to the donation system, where it goes through a series of processing steps to 
determine the type and condition of the fruits. First, the image is passed to the input layer of the model, 
which is designed to recognize fruit images. The model then processes the image through various hidden 
layers, including convolutional layers for feature extraction, pooling layers for down sampling, dropout 
layers for regularization, and dense layers for classification. These layers work together to analyze the 


image and extract relevant features that can help identify the fruits. Once the image has been processed 
through the model, the output is obtained from the output layer. The output consists of the predicted 
fruit type and the condition of the fruits (e.g., ripe, overripe, or unripe). This information is stored in a 
dataset for reference and further processing. The processed image and output are then returned to the 
user, who is asked if they want to proceed with the donation. If the user agrees to donate, an OTP (One- 
Time Password) is generated and displayed on the user's screen, along with the dropping location and 
the drop time limit. 


The user receives the dropping location and drops time limit information and proceeds to validate the 
OTP at the admin site. The OTP serves as a security measure to ensure that the donation is genuine and 
authorized. If the OTP is verified successfully, the user is granted permission to drop the package at the 
designated location and complete the donation process. However, if the drop time limit is reached before 
the OTP is verified, the OTP expires, and the drop is cancelled. This helps ensure that the donation 
process is completed within the specified time frame and avoids any delays or misuse of the system. 


The donation process involving image recognition for fruit donations is designed to be efficient and 
secure. By leveraging the power of machine learning and image recognition technology, it enables users 
to easily donate fruits for charitable purposes. The system ensures the accuracy and reliability of fruit 
identification, and the added security measures, such as OTP verification and time limits, help protect 
against unauthorized donations. Overall, this streamlined process helps facilitate fruit donations and 
contributes to charitable causes in a seamless and effective manner. 


CNN (Convolutional Neural Network) is a type of deep learning algorithm commonly used in computer 
vision tasks, such as image classification, object detection, and segmentation. It is designed to recognize 
spatial patterns in images by learning local features and building hierarchical representations. 


The architecture of a CNN consists of several layers, each with a specific function. The first layer is 
typically a convolutional layer, which performs a set of convolutions between the input image and a set 
of filters, resulting in a set of feature maps. The filters in the first layer learn simple features, such as 
edges and corners. The subsequent layers consist of pooling layers, which down sample the feature 
maps, and additional convolutional layers, which learn more complex features. The final layers are 
usually fully connected layers, which map the learned features to class scores. 


Methodology 
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Figure 1 : User Workflow 
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User workflow: The user is required to undergo authentication by logging in with their authorized 
credentials in order to gain access to the full functionality of the web application. Once authenticated, 
the user can avail the feature of capturing an image using their camera or uploading a file containing an 
image of a fruit, specifically a banana. The image is then processed by our advanced predictive model 
to accurately determine the shelf life of the banana. If the predicted shelf life is equal to or less than one 
day, the fruit donation process is automatically terminated in compliance with the predetermined 
protocol. However, if the predicted shelf life exceeds one day, the user is presented with the option to 
voluntarily donate the fruit. Should the user choose to proceed with the donation, they are securely 
provided with a unique OTP (One-Time Password), along with detailed information such as the deadline 
to donate the fruits and the designated drop location. This information is seamlessly communicated 
through the web application's user interface. It is imperative to note that in the event of the user failing 
to donate the fruit within the specified deadline, the process is promptly terminated. Conversely, if the 
user successfully donates the fruit within the stipulated timeframe, the donation is considered 
successful, reflecting our commitment to facilitating a smooth and efficient fruit donation process. 


Applied Model: 
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Data Collection: The training of the model is carried out using a dataset specifically curated for bananas, 
consisting of approximately 5474 images. These images are further categorized into six distinct classes 
based on the remaining shelf life of the bananas. Each image is of size 256 x 256 pixels and is in RGB 
color space, represented in JPG format. The dataset is partitioned into a standard 80:20 ratio, where 
80% of the images are utilized for training the model, while the remaining 20% are reserved for testing 
and evaluation purposes. This meticulous partitioning ensures a robust and reliable training process for 
the model. 


Table 1 - Comprehensive Dataset Overview 


Labels Shelf — Life No of Images 
(in days) 
freshunripe 6-7 614 
unripe 5-6 340 
freshripe 3-4 892 
ripe 2-3 1053 
overripe 1 697 
rotten 0 1878 


Image Preprocessing: Our methodology for predicting the shelf life of bananas involves a series of 
advanced image-processing techniques. Pre-processing techniques are applied to enhance the quality of 
the images, followed by image segmentation to separate the bananas from the background. Feature 
extraction techniques are then used to extract relevant information from the images, such as color, 


texture, and shape features. 


Figure 2: Original Image 


Training the model for the acquired data: As part of our methodology, the dataset is first partitioned 
into training and testing data sets. The training data constitutes 80% of the dataset, while the remaining 


20% is used for evaluating the model's performance. This rigorous approach ensures that the model is 
trained on a substantial amount of data for optimal learning, while also allowing for a comprehensive 
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Figure 3 - Preprocessed Image 


evaluation of its accuracy and robustness during the testing phase. 


Algorithm: 


1. Import necessary libraries: import the required libraries 

2. Preprocess the data: Define a function to preprocess the data, which includes reading and 
resizing the images, storing the image data and labels, splitting the data into training and testing 
sets, normalizing pixel values, and converting labels to categorical format. 


3. Call the preprocess data function to get the preprocessed data. 

4. Build the CNN model: Create a CNN model using a sequential architecture, which includes 
adding convolutional layers with specified filters, kernel size, activation, and input shape, 
adding pooling layers, flattening the output, adding fully connected layers, adding dropout 
layers for regularization, and adding the output layer with softmax activation for multi-class 
classification. 

5. Compile the model: Compile the model with a specified optimizer, loss function, and evaluation 
metrics. 

6. Train the model: Train the model using the preprocessed data, including X_train and y_train, 
specifying the number of epochs, batch size, and validation data. 

7. Save the trained model. 


Results 


The implementation of the web app for banana shelf-life prediction has yielded accurate results. The 
trained deep learning model, based on a dataset accuracy 

of banana images, achieved an accuracy ofover  °? | — faining accuracy 
86% in predicting the remaining shelf life of ——a 
captured or uploaded banana images. The 
model was evaluated using a comprehensive 
testing methodology, where 20% of the dataset 


was used for testing purposes. 
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Furthermore, the web app's user workflow, 
including authentication, image acquisition, 0.5 
model prediction, donation process, and OTP- 

based verification, = was successfully 00 25 50 75 WO bs 10 WSs 
implemented and tested. The user interface of sal 

the web app provided a seamless experience for Figure 4 — Training and Validation Accuracy 
users to capture or upload banana images, receive 

accurate predictions, and proceed with the donation process. 


Security measures, such as user authentication, data privacy, and secure communication, were also 
implemented to protect user data and ensure the confidentiality and integrity of the donation process. 
Robust encryption protocols were employed to safeguard sensitive information, and thorough testing 
was conducted to detect and address any potential vulnerabilities. 


In conclusion, the technical implementation of the web app for banana shelf-life prediction has achieved 
high accuracy and reliability in predicting banana shelf life. The user workflow and security measures 
were successfully implemented, providing users with a seamless and secure experience. Further 
optimizations and enhancements can be pursued in future iterations to continually improve the 
performance and user satisfaction of the web app. 


Conclusion 


After implementing the banana shelf-life prediction system, we observed highly promising results with 
a significant accuracy rate. The system showed its potential to address the global issue of food waste 
and reduce the amount of edible food that is thrown away daily. By predicting the shelf life of bananas, 
the system could help consumers make informed decisions and reduce the likelihood of fruit spoilage. 
Our results suggest that the trained model could accurately predict the shelf life of bananas, reducing 
the amount of food waste and promoting the donation of surplus bananas to those in need. However, 


future improvements could be made by expanding the dataset to include more diverse and representative 
samples, exploring the use of other machine learning algorithms and features, and testing the model on 
real-time data in different environmental conditions. In conclusion, the implemented banana shelf-life 
prediction system has the potential to significantly reduce food waste, promote food donation, and 
increase food security. However, further research and development are required to enhance the accuracy 
and robustness of the system and make it more suitable for real-world applications. 
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